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Abstract

The harvesting of fruit and vegetable crops has long been plagued by prominent issues such
as high labor costs, low harvesting efficiency, and high fruit damage rates. The application
of object recognition technology has enabled harvesting robots to identify, detect, and
locate crops in certain agricultural scenarios, achieving a degree of automated harvesting.
However, these systems still suffer from shortcomings such as poor robustness in com-
plex environments, insufficient generalization ability, and high model deployment costs,
which significantly limit their large-scale application in agricultural harvesting equipment.
This paper comprehensively reviews recent literature in the field of fruit and vegetable
target recognition. It summarizes how current research focuses on the implementation
principles and directions for the improvement of mainstream methods—including digital
image processing, traditional machine learning, and deep learning—while also identifying
the remaining issues and challenges facing current technology in terms of algorithmic
model real-time performance, robustness, and generalization ability. In the future, target
recognition technology is expected to achieve breakthroughs through approaches such as
multimodal feature fusion, large-scale models, and semi-supervised learning, evolving to-
ward higher accuracy, faster processing speeds, and easier deployment, thereby providing
technical support for the large-scale implementation of smart agriculture.

Keywords: agricultural harvesting robot; fruit and vegetable recognition methods; digital
image processing; machine learning; deep learning

1. Introduction

According to data from the Food and Agriculture Organization of the United Nations
(FAO), the demand for fruit and vegetables is growing rapidly due to global population
growth and changes in dietary patterns. They play a significant role in the global food
supply, accounting for nearly 30% of total food consumption [1]. To meet this growing
demand, countries around the world have been promoting the large-scale and intensive
development of agriculture; by 2023, yields per hectare for fruit and vegetable crops had
reached 13.5 metric tons and 22.1 metric tons, respectively [2]. However, harvesting—the
most labor-intensive stage in fruit and vegetable production—remains predominantly
manual in many countries and regions. High labor costs and low operational efficiency
make it difficult to meet the demands of large-scale cultivation. At the same time, poor
harvesting quality leads to increased losses at various stages of production. These issues
have become key bottlenecks constraining the improvement of quality and efficiency in
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fruit and vegetable production, creating an urgent need for breakthroughs in automation
technology [3].

To address the challenges of manual harvesting, agricultural harvesting robots have
emerged. These robots integrate advanced machine vision, motion control, and flexible
harvesting technologies, achieving precise harvesting through the coordination of end-
effectors and perception-decision systems [4-9]. Their functions have been expanded to
include post-harvest transportation, storage, and grading [10-12], as shown in Figure 1.
Within this technological framework, target recognition and detection serve as a prerequi-
site. They enable robots to accurately distinguish crops from weeds, branches, leaves, and
other background elements in complex field environments; acquire 3D pose information;
and rapidly assess fruit ripeness to select harvestable targets. In addition to the initial
identification of harvestable fruit, the actual physical harvesting process faces a series of
daunting engineering challenges. Once identification is complete, the robot must first
determine the precise coordinates of the harvesting point and execute complex motion
planning to ensure that its end-effector does not cause damage as it navigates through dense
branches and foliage; it must gently pick the crop without damaging it, and coordinate
with post-harvest processing tasks. These challenges at the physical execution level place
stringent demands on the upstream perception system, requiring not only high accuracy
but also real-time reasoning capabilities and the ability to be robustly deployed on mobile
platforms with limited computational resources. Consequently, all subsequent physical
harvesting operations rely on reliable target recognition, which means that recognition per-
formance determines the overall quality and efficiency of the harvesting robot’s operations
and serves as a core metric for assessing its level of intelligence [13]. Therefore, this paper
aims to provide a comprehensive and in-depth analysis of the principles, evolutionary
history, and challenges associated with target recognition and detection technologies in
harvesting robot operations; subsequent processes at the execution level—such as motion
planning—are beyond the scope of this review.

Figure 1. Typical picking robot [4,14-20].

The development of object recognition and detection technology can be broadly di-
vided into three stages. Beginning in the 1980s, significant progress was made in traditional
image processing technology. This technology centered on feature extraction based on man-
ually designed rules and achieved object recognition through methods such as threshold
segmentation, edge detection, and texture analysis, which were sufficient for recognition
applications in simple scenes [21]. The period from the early 21st century to 2010 marked
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the machine vision phase, during which self-learning classification algorithms—such as
Support Vector Machines (SVM) and K-means—were widely used for object recognition
and detection. These algorithms enhanced recognition performance by extracting fused
features such as color, shape, and texture. After 2010, with continuous breakthroughs
in computing power, deep learning technology flourished, and recognition technologies
centered on Convolutional Neural Networks (CNN) began to gain prominence. By au-
tonomously learning to extract image features and overcoming the bottlenecks of traditional
technologies, deep learning has demonstrated significant advantages. Through deep neural
networks that automatically learn the high-level semantic features of target crops, these sys-
tems effectively resist disturbances such as changes in lighting and occlusion by branches
and leaves, achieving generally high recognition accuracy in complex field environments.
Furthermore, building on recognition capabilities, they can simultaneously perform other
tasks such as variety identification, maturity grading, disease detection, and field man-
agement [22-29]. The emergence of these algorithms has propelled target recognition
technology for harvesting from experimental research to practical implementation.

Given the importance of target recognition technology in harvesting robots and the
rapid pace of current technological development, it is necessary to comprehensively review
and summarize research findings from recent years. Although several relevant reviews
have been published [30-37], the following limitations are present: first, some studies cover
only traditional image processing and machine learning methods, failing to systematically
incorporate the rapid advancements in the field of deep learning in recent years; second,
most focus solely on a single crop, a single type of algorithm, or a single visual task, lacking
a comprehensive comparative analysis of the entire technological trajectory from traditional
methods to deep learning; most critically, existing studies predominantly adopt a technical
perspective, evaluating algorithm performance solely based on general detection metrics
such as accuracy and Mean Average Precision (mAP), without conducting an in-depth
analysis of how these metrics impact harvesting outcomes. For instance, inference speed
directly determines the operational efficiency and yield per unit time of harvesting robots;
the degree of model lightweighting affects the hardware costs and battery life of mobile
harvesting platforms; and localization and segmentation accuracy directly influence the
picking success rate of end-effectors and the rate of mechanical damage to fruit. To ad-
dress these shortcomings, this paper focuses on fruit and vegetable harvesting scenarios
and, based on recent domestic and international literature, provides a comprehensive
review that explains the principles, evolution, and applicable scenarios of three mainstream
technologies: digital image processing, traditional machine learning, and deep learning;
Focusing on the practical needs of harvesting, this paper summarizes the directions for
improvement and application effectiveness of mainstream algorithms in addressing core
harvesting challenges—such as data annotation costs, edge deployment constraints, and
field environment interference—and conducts an in-depth analysis of existing challenges
from three dimensions: algorithm performance, deployment costs, and environmental
adaptability. It also outlines future development trends by integrating cutting-edge tech-
nologies such as multimodal feature fusion and semi-supervised learning. Compared to
existing reviews, this paper consistently uses the practical needs of harvesting operations
as the evaluation benchmark, interpreting the application value and limitations of var-
ious recognition technologies from the perspective of harvesting performance. It aims
to clarify the current state of development in fruit and vegetable harvesting recognition
technology and provide a systematic theoretical reference for subsequent research and
engineering implementation.
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2. Methodology

To ensure the systematic and rigorous nature of this review, this paper comprehen-
sively organizes and categorizes the research literature related to object recognition in
the field of fruit and vegetable harvesting robots and establishes detailed strategies for
literature retrieval, screening, and evaluation. The overall process follows the methodology
for systematic literature reviews and primarily consists of three stages: literature search,

inclusion and exclusion criteria, and systematic evaluation, as shown in Figure 2.
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Figure 2. Overview of literature review methods.

The literature search phase aims to identify as many candidate publications related to
the research topic as possible. This study primarily uses Web of Science and Google Scholar
as search databases. Web of Science includes high-impact journals spanning fields such as
agricultural engineering, computer science, and robotics; its comprehensive bibliographic
information facilitates subsequent citation tracking and management. Google Scholar, on
the other hand, offers broader coverage of academic resources, enabling the retrieval of
other outputs, including technical reports and non-English literature. The publication
period for the retrieved literature was primarily set from 2017 to 2026, covering the latest
application results of target recognition algorithms in harvesting in recent years. Search
keywords encompassed three aspects: target crops, recognition methods, and specific strate-
gies. To ensure the academic quality of the literature, the scope of journals was primarily
limited to Q1/Q2 journals in various disciplinary fields and papers from authoritative
conferences in agricultural engineering and robotics; during subsequent screening, priority
was given to research with comprehensive experimental designs and standardized evalua-
tion metrics. Additionally, the search did not impose excessive restrictions on countries
or regions to include research findings from diverse growing environments and climatic
conditions. For literature that was thematically relevant but deviated from the primary
focus during the search, specific keywords were excluded to narrow the scope to harvesting
scenarios. After completing the database search, all literature records were deduplicated
and preliminarily organized.
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The inclusion and exclusion criteria were designed to select studies from the retrieved
candidate literature that were highly relevant to the theme of the review, employed stan-
dardized research methods, and provided comprehensive information. To this end, this
paper established clear inclusion criteria: (1) the research subject is fruit or vegetable crops;
(2) the research content involves visual recognition technologies in the harvesting process,
including but not limited to object detection and segmentation, ripeness assessment, 3D
localization, and picking point detection; (3) the research methods fall into one of the
following three technical categories: digital image processing, traditional machine learning,
or deep learning; (4) the study was published in a peer-reviewed journal or conference as a
full-text article.

After completing the inclusion and exclusion screening, this paper further conducted
a systematic evaluation of the ultimately included literature and categorized the relevant
studies into two types: directly related and indirectly related. Directly related studies focus
on core tasks such as identification, localization, and ripeness assessment during harvesting
operations, and concentrate on algorithmic improvements and performance enhancements
under various environmental conditions; these studies constitute the primary subjects
of analysis in this review. Indirectly relevant studies, on the other hand, include tasks
such as variety classification, disease detection, and field management—which influence
harvesting decisions but do not directly involve crop recognition. While these studies are
not the primary focus of analysis, they are included as reference material when discussing
the extended capabilities of recognition technologies or comparing the applicability of
different methods. During this phase, each paper was reviewed in detail with regard
to its abstract, the algorithmic framework employed, specific improvement strategies,
experimental design, application scenarios, and main conclusions. The value of inclusion
was comprehensively assessed based on three dimensions—relevance, innovation, and
representativeness—and papers with outstanding contributions were discussed in detail
in subsequent chapters. Following the screening and evaluation across the three phases
described above, a total of 131 papers were ultimately included in the analysis, comprising
85 directly relevant studies on harvesting target recognition and 46 indirectly relevant
reference studies.

3. Recognition Methods Based on Digital Image Processing

Digital image processing technology relies on the differences in visual features between
objects and their backgrounds. It achieves object segmentation and recognition by using
artificially designed operators to extract key features such as color, shape, and texture.
From a recognition mechanism perspective, many mature fruit and vegetable crops exhibit
significant differences in various features compared to the surrounding branches, leaves,
and soil, and this high level of distinguishability provides the foundation for the recognition
and detection of these crops. To provide a systematic overview of these feature-based
approaches, Table 1 summarizes the mainstream feature categories—color, shape, and
texture—along with their corresponding extraction methods, applicable crops, and typical
advantages and limitations. The following three subsections elaborate on each category in
detail, examining their implementation principles, application scenarios, and performance
boundaries in harvesting operations.

3.1. Methods Based on Color Features

In terms of color features, mature fruits and vegetables—such as apples, strawberries,
and tomatoes—stand out easily against the green of foliage and the gray-brown of soil.
The three channels of the raw RGB color space combine color and brightness information,
making them relatively sensitive to exposure, shadows, and uneven lighting in natural
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environments. Existing research often begins by optimizing the structure or channels of the
RGB space, or converting it to other specific color spaces to obtain independent components,
and then uses methods such as histograms, color moments, and threshold segmentation
to convert color information into quantifiable parameters. Figure 3 shows segmentation
images under different color spaces and components.

Table 1. Comparative analysis of recognition methods based on digital image processing [38—40].

Feature Category Feature Extraction Methods Applicable Crops Advantages Disadvantages
Not suitable for
Color space Good performance Scenffowzil;f the
conversion, for crops with P
. . . .. background are
single-channel Apple, citrus, distinct color R o
Color-based . similar in color; it
component strawberry, tomato, differences; low . .
methods : . is relatively
extraction, color grape Computatlonal cost

moments, color

and fast detection

sensitive to

. changes in
histogram speed exposure,gshadows,
and lighting
Sobel/Canny edge Unsuitable for
detection, contour Less affected by occlusion/overlap
Shape-based descriptors, Hough ~ Cucumber, pepper, illumination; scenarios; highly
methods transform, eggplant, mango strong geometric sensitive to crop
geometric discriminability growth
moments stochasticity
Gray-level Effectively
co-occurrence Apple, citrus separates targets High computation,
Texture-based matrix (GLCM), lvchee ’inea ,le and backgrounds slow speed,
methods Local Binary Y ki;/fi frui tpp * that are similar in illumination
Pattern (LBP), color or over- sensitivity

Gabor transform

lapped/occluded

(a) (d)

Figure 3. Examples of color segmentation for selected fruit and vegetable crops [38,39,41,42]: (a) Green
apple image segmented by adaptive G-B color difference; (b) Cucumber segmentation result in HSV
color space; (c) Ripe apple segmentation using the a-channel of Lab color space; (d) Bayberry
segmentation using Otsu’s method with R-G color difference.

Biffi et al. systematically compared the segmentation performance of four color
spaces—normalized RGB, HSV, CIE L*a*b*, and improved OHTA—for mature apples in
natural scenes. Among these, the CIE L*a*b* space achieved the best detection accuracy of
76% in the a-channel; however, the algorithm was unable to segment clusters of adhered
fruits into individual fruits, and the reddish-brown soil exposed between rows also led to
missed detections [38]. Xu et al. converted the RGB color space to the HSV color space to
rapidly perform a coarse screening of strawberry regions, achieving an accuracy rate ex-
ceeding 98% and filtering out the vast majority of background interference in advance [43].
To address the issues of uneven canopy illumination and the similarity in color between
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green and yellow bayberries and leaves, Lei et al. used the YUV color space to extract
only the Y component for block-based Contrast Limited Adaptive Histogram Equalization
(CLAHE). They also proposed an adaptive color difference formula for the coarse segmen-
tation of bayberries at various stages of ripeness, achieving an accuracy of 97.4% in tests
using natural orchard images [41]. Li et al. selected the Cb channel in the YCbCr color
space—which exhibits the most significant grayscale difference between the target and
the background—for processing. They performed threshold segmentation by fusing pixel
grayscale values with neighborhood spatial information, thereby resolving the issues of
threshold shift in traditional Otsu segmentation caused by uneven illumination and false
positives resulting from the similarity in color between branches, leaves, and lychees [44].
Xia et al. constructed a green-blue difference formula using the global mean of the G and B
channels in a single image as the adaptive coefficient, significantly increasing the grayscale
contrast between green apples and the background branches and leaves. They combined
this with an iterative threshold segmentation algorithm to perform binary segmentation on
the adaptive color difference map; this method achieved an accuracy of 93.13% on a test set
of 108 green apple images [42].

Methods based on color features essentially cluster similar pixels within a specific
color space, but the color of an object captured by a sensor is not stable; it is influenced by
factors such as lighting and the reflective properties of the object’s surface. In RGB images,
luminance and chrominance information are coupled; uneven lighting and localized surface
shadows can cause significant changes in color vectors, causing the target’s color features
to converge with those of the background. Even when converting to a color space where
luminance and chrominance are decoupled to isolate components that are more robust
to luminance fluctuations, or when using local enhancement algorithms to compensate
for underexposed shadow areas, severe lighting or shadow interference can still lead to
instability in the calculation of chrominance components. Occlusion and overlap not only
result in incomplete object contours and fragmented edge color gradients but also reduce
the effective light exposure of inner fruit layers, creating local shadows that shift their chro-
maticity toward the background and cause missed detections in threshold segmentation.
Color similarity interference falls into two categories: first, partial spectral overlap in a
single channel, where the target and background exhibit similar responses in a specific color
channel but remain distinguishable in other chromatic dimensions (this can be resolved
by selecting an optimal color channel); second, synchronous spectral overlap, where the
RGB responses of the target and background drift in sync under changing illumination,
rendering fixed color difference formulas ineffective and necessitating the introduction of
adaptive channel weighting strategies. In summary, methods based solely on color features
remain practical in application scenarios—such as greenhouses—where lighting conditions
are relatively stable and the color difference between the target and the background is
significant, due to their intuitive principles and computational efficiency. However, light
conditions in natural field environments fluctuate dramatically, and severe obstruction and
shadowing can still cause the algorithm to produce false positives and false negatives.

3.2. Methods Based on Shape Features

Most fruit and vegetable crops exhibit regular geometric shapes—such as circular,
elliptical, or elongated forms—that contrast with the irregular contours of branches and
leaves, providing an additional criterion for identification and detection. The implementa-
tion logic is similar to that for color features: edge detection operators such as Sobel and
Canny are used to extract the object’s contour and output a discrete set of edge points,
which are then converted into quantifiable parameters using methods such as contour
descriptors, the Hough transform, and geometric moments.
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Within the pre-screened candidate regions, Liu et al. used the Sobel operator and
Fourier descriptors to fully preserve the global shape features of cucumbers. They per-
formed gradient vector similarity matching against a pre-generated cucumber contour
template; at the same time, normalizing the gradient vectors effectively suppressed the
impact of lighting on similarity calculations. The overall recognition accuracy reached
86%, with a real-time frame rate of 38.9 FPS, meeting the operational requirements of
cucumber harvesting robots [39]. Zhang et al. proposed a region-marked gradient Hough
transform. Compared to the traditional Hough transform, this method performs circle
detection only within the minimum bounding rectangle of the apple’s contour, thereby
avoiding a full-image scan and effectively mitigating the attenuation of edge gradients
caused by lighting conditions. As a result, recognition accuracy improved by 15.03% and
16.41% under front-lit and back-lit conditions, respectively [45]. Trang et al. utilized the El-
liptical Fourier Descriptor (EFDS) to quantify the irregular contour of the tomato’s base into
numerical features, fully preserving geometric information such as contour curvature, and
achieved the recognition and classification of different tomato varieties; however, occlusion
can significantly alter the extracted object boundaries [46]. Yin et al. proposed an improved
Fuzzy C-Means (FCM) segmentation method and an enhanced circular Hough transform
algorithm, introducing similarity metrics based on both pixel grayscale relationships and
spatial relationships. By fitting the set of boundary points of the apple’s pixel region, they
achieved accurate apple recognition in complex scenes [47]. Barnea et al. combined point
cloud edge extraction and specular highlight detection algorithms, using an RGB-D depth
camera to extract 3D shape features and 2D specular highlight features to identify and
localize bell peppers. Compared to full-space 3D scanning, this approach increased speed
by 43%; however, the camera generates depth noise under strong lighting, and the average
accuracy drops to only 55% when there are numerous occluded objects [48].

Although shape-based approaches reduce sensitivity to illumination-induced color
shift, their performance hinges heavily on intact target contours. Strong backlight and
shadows do not alter physical geometry but corrupt edge gradient responses and generate
spurious edges. Occlusion and overlap are the primary causes of algorithm failure: for
edge-fitting algorithms, occlusion results in the loss of a large number of valid edge pixels or
surface points in the point cloud, and edge fragmentation leads to fitting errors and failure;
for contour descriptors, non-closed or incomplete contours directly distort curvature-related
shape coefficients, reducing classification accuracy. Compared to color-based features,
shape-based recognition methods are less affected by changes in lighting and offer stronger
geometric discriminative power. However, in real-world harvesting scenarios, targets often
lack complete and clear contours, and occlusions and overlaps increase the difficulty of
shape feature extraction; therefore, these methods must be combined with other features.

3.3. Methods Based on Texture Features

The smoothness or specific texture of fruit surfaces differs from the vein patterns on
leaves and branches in terms of grayscale distribution patterns, which provides the basis for
object segmentation. Such methods extract the textural features of objects using techniques
such as GLCM, LBP, and Gabor Transforms, and identify objects based on the grayscale
distribution patterns in local regions; they can still achieve effective matching even when
objects are similar in color or shape, or when partially occluded. Figure 4 illustrates the
principles behind two widely used texture feature extraction methods.
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Figure 4. Typical texture feature extraction approaches [49,50]: (a) The Calculation Process for LBP
Descriptors; (b) The Calculation Process for GLCM.

To address the classification of citrus fruit from different origins that are similar
in appearance, Nanda et al. used the GLCM to extract six texture features from laser
backscatter images: contrast, dissimilarity, homogeneity, energy, angular second-order
moment, and correlation. They calculated the eigenvalues in four directions and took
their average, achieving a classification accuracy of 96.667% [51]. Ropelewska collected
scanned images of various apple surfaces—including the skin, longitudinal sections, and
cross-sections—extracted texture features from multiple color channels, and combined
these with a multilayer perceptron and a multi-class classifier to achieve rapid apple variety
identification using only a flatbed scanner [52].

Texture features can also be used for the phenotypic detection of targets. Yang et al.
used Adaptive Bilateral Filtering and Gamma Correction to enhance texture distinctiveness.
They then employed the GLCM to extract five texture features—angular second-order
moment, entropy, contrast, inverse difference moment, and correlation—for apple surface
defect detection. This algorithm achieved a recognition accuracy of 93.7% for fruit stems
and calyxes, and 94.2% accuracy for surface scar detection [40]. Shen et al. employed LBP
to extract texture features and constructed a detection model for pepper blight using only
the mean values of LBP features from 10 feature wavelengths with low noise; the accuracy
rates on the training and test sets reached 98.96% and 100%, respectively, outperforming
recognition and detection models based on spectral features [53].

Although texture-based methods have proven effective for fruit phenotype detection,
they are computationally complex and sensitive to changes in lighting conditions, posing
challenges for practical deployment. Compared to methods based on color or shape fea-
tures, texture descriptors extract features from multiple channel dimensions; the sharp

https://doi.org/10.3390/agriculture16171924


https://doi.org/10.3390/agriculture16171924

Agriculture 2026, 16, 1924

10 of 39

increase in feature vectors and repetitive computational processes directly leads to a sig-
nificant increase in training and inference times. Furthermore, both GLCM and LBP rely
directly on absolute or relative grayscale values. When lighting conditions change, the
grayscale values or the direction of grayscale gradients on the same physical surface can
change significantly, and the non-uniform surface reflectance of an object may introduce
spurious grayscale patterns that are difficult to distinguish from true texture features. The
aforementioned studies either conducted experiments under strictly controlled lighting
conditions or invested substantial algorithmic resources in lighting pre-correction, which
increased the overall computational cost without completely eliminating the risk of false
positives under complex lighting conditions. Therefore, while texture-based recognition
methods can help harvesting robots remove diseased fruit and sort crops during operation,
their applicability in unstructured agricultural scenarios still requires further evaluation.

3.4. Methods Based on Multi-Feature Fusion

Due to the complexity of agricultural scenarios, object recognition based on a single
feature often has significant limitations. Relying solely on color features is susceptible
to changes in lighting and interference from shadows and is not suitable for scenarios
where the object and background are similar in color. Relying solely on shape features
makes it difficult to effectively characterize the specific form of an object when it is partially
occluded, overlapped, or has an incomplete outline. Relying solely on texture features, on
the other hand, is prone to misclassification due to image resolution and noise sensitivity.
Therefore, most current object recognition methods based on image processing technologies
employ multi-feature fusion.

The fusion of color and shape features is the earliest and most widely adopted ap-
proach. Ifmalinda et al. used the r-component of the normalized RGB color space to classify
the ripeness and color of oranges; they segmented the fruit region through global threshold
binarization and established a linear regression model to convert pixel area into actual
physical diameter, thereby achieving fruit size classification [54]. Zhang et al. compared and
validated the segmentation performance of three color spaces—RGB, HSV, and Lab—and
ultimately selected the a* component of the Lab space, which offers the best discrimination
between red and green hues, combined with the circular Hough transform to detect citrus
fruit. Within the optimal shooting distance of 1.5-2.1 m, the detection accuracy exceeded
90% [55]. Yang et al. utilized 2R-G-B color features and Otsu thresholding and employed a
locally parameterized adaptive Hough circle transform to rapidly identify apples in the
initial frame, achieving a recognition success rate of 91.3% under laboratory conditions
with an average processing time of 72 ms [56]. In terms of fusing color and texture fea-
tures, Yu et al. used color features and depth information to quickly filter out distant
backgrounds and invalid regions and combined these with improved LBP texture features
to distinguish green lychees from leaves; this method supports the detection of both ripe
and unripe lychees [57]. Kurtulmus et al. first removed most of the background based
on color histograms, then used the “fruit feature” method—which analyzes brightness,
saturation components, and circular Gabor textures—to determine whether a subwindow
contained a fruit, achieving a detection rate of 75.3% on a validation set of unripe green
citrus fruit [58]. Regarding the fusion of shape and texture features, Lu et al. first used
multiscale LBP texture features to filter out most background noise to distinguish unripe
citrus fruit from leaves. They then employed Hierarchical Contour Analysis (HCA) to
analyze the brightness distribution of multiple concentric circles centered on highlights,
followed by a circular Hough transform fit, achieving an accuracy rate of 82.3% on their
test set [59].
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The aforementioned studies on feature fusion based on digital image processing
exhibit a high degree of consistency in their implementation methods, all following a logic
that progresses from coarse screening to fine discrimination: first, a single feature is used to
quickly filter out large areas of background noise, extract candidate regions, and narrow the
detection scope; then, the remaining features are used to perform fine-grained verification

of the candidate regions and eliminate false targets (Table 2).

Table 2. Comparison of various feature fusion strategies.

Primary

Secondary

Fusion Method Features Features Advantages Disadvantages
Cannot handle extreme
scenarios where targets and
Low computational background share the same
Color-Shape Color Shape complexity; color and shape; under severe
good real-time performance occlusion or adhesion of
fruits, the contour may break
and shape verification fails.
Combines the efficiency
advantage of color No significant improvement
Color-Texture Color Texture segmentation with the for occlusion and adhesion
detail discrimination problems of fruits
capability of texture
High computational
Suitable for scenes where complexity, poor real-time
color is similar to performance; severe
hape-T h T h T . .
Shape-Texture Shape/Texture Shape/Texture background; robust to occlusion leads to failure of
changes in light conditions both detection stages;
difficult parameter tuning
.Can resist mqltlple types Of. Large computational load,
Color-Shape- interference simultaneously; poor real-time performance;
Color/Shape Texture offers the best overall !

Texture

high feature redundancy,

recognition accuracy and complex parameter tuning;
/

robustness

The emergence of this architecture is no coincidence; it stems from the fact that har-
vesting robots are typically equipped with embedded processors of limited computational
capacity and must complete image processing and decision-making within a very short
time frame to ensure operational efficiency. Since color features involve only independent
operations on a per-pixel basis, they have the lowest computational complexity and the
highest global segmentation efficiency. Furthermore, the color difference between ripe fruit
and the background is typically significant; therefore, most fusion schemes use color fea-
tures as a coarse-screening tool in the first stage. However, the discriminative information
provided by color features is relatively limited, so texture or shape features must be intro-
duced in the second stage to compensate and ensure the algorithm'’s effectiveness. Since
the computational complexities of shape- and texture-based features differ only slightly,
their order of application depends on the type of interference present in the scene. This
structure enhances the robustness and real-time performance of feature fusion algorithms,
meeting the requirements for the efficient operation of harvesting robots in most simple
scenarios. However, when faced with multiple crops or strong interference, the lack of
feature expressiveness and generalization ability limits the robot’s operational capabilities
in complex natural environments such as fields and orchards.
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4. Recognition Methods Based on Traditional Machine Learning

Traditional machine learning-based object recognition classifies objects through au-
tonomous learning based on manually designed features. By integrating multidimensional
features and model training, it enhances generalization capabilities; its development and
maturation have shifted object recognition methods from rule-driven to data-driven ap-
proaches. Compared to digital image processing technologies, machine learning algorithms
offer significantly improved accuracy and robustness in complex scenarios such as those
with complex backgrounds and fluctuating lighting conditions. However, their recogni-
tion performance remains dependent on manually designed features, and the selection,
fusion, and filtering strategies for feature dimensions directly determine the upper limit
of a model’s performance. Furthermore, when handling complex tasks, the increase in
feature dimensions and sample size leads to higher training and computational complexity,
making parameter selection and optimization more challenging. Currently, mainstream
classifiers based on traditional machine learning are only applicable to a single crop or
specific task scenarios and lack sufficient generalization ability. To address these issues,
many researchers have conducted extensive and in-depth studies using various classifiers
such as SVMs, K-means, and Random Forest (RF).

4.1. Methods Based on SVM Classifier

An SVM achieves separation of the target from the background by finding the optimal
classification hyperplane in a high-dimensional feature space. It performs exceptionally
well in scenarios with few samples and high-dimensional features and is a widely used
supervised learning algorithm in the field of crop recognition.

Fujinaga et al. innovatively proposed a method for generating a tomato growth state
atlas and investigated the optical properties of tomatoes under near-infrared imaging. After
extracting Histogram of Oriented Gradients (HOG) features, they used an SVM classifier
to perform fruit recognition; experiments showed that the F1 score for fruit recognition
reached 0.847 [60]. Bai et al. proposed an object recognition algorithm based on the mor-
phology and growth characteristics of clustered tomatoes. By extracting and fusing HOG
shape features, LBP texture features, and color features from multiple color spaces, they fed
the data into an SVM classifier to achieve precise fruit recognition. This recognition model
achieved 100% precision, recall, and accuracy, with each image recognized in less than
1s[61]. Lin et al. proposed a general-purpose fruit detection framework based on partial
shape matching and the probabilistic Hough transform. By training an SVM classifier using
Color-HOG features to filter out false positives, this method achieved excellent detection
accuracy and recall rates on a dataset comprising six types of fruit—citrus, tomatoes, pump-
kins, bitter melons, loofahs, and mangoes—which vary in color and shape [62]. Baculo
et al. developed an HOG-SVM mango detection model, achieving unified identification of
healthy and defective mangoes for the first time. This study extracted HOG features only
from color-segmented candidate regions and achieved an F-score of 89.38% using linear
SVM classification, with an average IoU of 0.7938 for candidate segmentation [63].

To address the issue where the complex distribution of texture features in green citrus
and leaves prevented the original SVM from distinguishing between them, Zhao et al.
proposed a green citrus detection framework combining Adaptive Red-Blue Difference
(ARB) maps with the Sum of Absolute Transformed Difference (SATD) block matching.
They trained a Gaussian radial basis kernel SVM classifier using five selected texture
features to filter out false-positive regions, achieving a recognition accuracy of 83.4% on
the test set [64]. Peng et al. developed a multi-class SVM model based on the Error-
Corrected Output Code (ECOC) framework capable of classifying five grape varieties,
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while addressing the issues of classification instability in small-sample scenarios and
performance degradation caused by high-dimensional features [65].

In summary, as the most widely used and mature traditional machine learning classi-
fier, the SVM has two main advantages: first, it delivers stable classification performance
in low-sample-size scenarios without being prone to overfitting, and possesses good gen-
eralization ability; second, it can effectively handle complex nonlinear problems and
high-dimensional data. The core principle of an SVM is to maximize the margin between
classes; the model’s complexity is determined solely by a small number of support vec-
tors rather than the size of the dataset, enabling it to effectively resist noise and outliers.
Additionally, the introduction of a kernel function maps the data to a higher-dimensional
feature space, making it linearly separable, while computing the inner product directly
in the low-dimensional space does not increase computational complexity. However, the
training complexity of SVMs increases significantly as the number of samples grows. Their
classification performance is relatively sensitive to the choice of kernel function and pa-
rameter optimization, and feature redundancy and noise directly affect the accuracy of the
classification boundary. Furthermore, since SVMs are fundamentally designed to solve
binary classification problems, an increase in the number of classes will significantly reduce
model performance and recognition accuracy.

4.2. Methods Based on K-Means Clustering

As a typical unsupervised learning algorithm, the K-means clustering algorithm
achieves object segmentation by automatically clustering similar pixel features, eliminating
the need for manually labeled training data and offering unique advantages in data-scarce
scenarios. However, traditional clustering suffers from drawbacks such as sensitivity to
initial cluster centers and a tendency to get stuck in local optima. To enable real-time
eggplant harvesting decisions on low-computational-power edge devices, Tamilarasi et al.
developed a detection algorithm combining HSV background removal, K-means pixel
clustering, and symmetry testing, achieving a detection accuracy of 87.48% on a Raspberry
Pi device [66]. Wang et al. designed an adaptive initial cluster center selection algorithm
based on neighborhood hue similarity and constructed a clustering feature space that
weight-fused multiple features, including color, texture, and morphology. Experimental
results show that this method achieved a recognition accuracy of 93%, maintained a
detection accuracy of over 91% even when fruit overlap exceeded 40%, had a 3D localization
error of less than 1%, and demonstrated superior real-time performance and robustness
compared to deep learning models such as You Only Look Once version 7 (YOLOv7) and
Mask Region-based Convolutional Neural Network (Mask R-CNN) [67]. Wakchaure et al.
used the K-means algorithm for image segmentation, separating the sapodilla fruit regions
from the background in the original image through pixel-level color clustering to generate
precise regions of interest. The coefficient of variation for the R and G channel color features
extracted after segmentation was only 2.77-2.86% [68].

To address the challenges of distinguishing sweet peppers from their foliage back-
ground in greenhouse environments and the high cost of obtaining annotated data, Doosti-
Irani et al. fused 3D geometric features derived from fast point feature histograms with
HSV color features. After subsampling, outlier removal, and dimensionality reduction
via Principal Component Analysis (PCA), they employed K-means clustering to achieve
sweet pepper object recognition, achieving a detection accuracy of 95.10% as evaluated
manually [69].

In summary, the K-means algorithm does not require manual labeling; it performs
unsupervised clustering based solely on the data’s own distance metrics, and the computa-
tional complexity of a single iteration is nearly linear. When data clusters are dense and
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clearly separated from one another, it can achieve ideal clustering results. However, its
shortcomings are equally prominent: first, the algorithm requires the parameter K to be
specified in advance, and the value of K cannot be automatically inferred from the data;
second, the clustering results are highly sensitive to the initial cluster centers, and different
initial points tend to converge to different local optima; third, since cluster centers are
calculated as averages, outliers or noise can significantly skew their positions, thereby
affecting the clustering results. These characteristics not only enable K-means to achieve
good clustering results under specific data patterns but also limit its application in scenarios
with complex distributions.

4.3. Comparative Analysis of Multiple Traditional Machine Learning Algorithms

For different crop varieties, environmental conditions, and task objectives, many
researchers have conducted comparative analyses of the recognition accuracy, scene ro-
bustness, and computational efficiency of various classical classification algorithms to
identify the classification models best suited for specific tasks. Table 3 summarizes ten
comparative studies of traditional machine learning algorithms for agricultural image
recognition and detection tasks. The detection targets cover a variety of fruits and veg-
etables, such as pineapples, apples, and broccoli, while the algorithms examined include
several mainstream methods, such as SVMs, K-Nearest Neighbors (KNN), and RFs. These
comparative studies, conducted in typical agricultural scenarios, quantify the performance
boundaries of different classifiers, providing direct guidance for algorithm selection in
similar research and reducing the costs of trial and error. At the same time, they explore
the patterns of feature-classifier matching, offering experimental support for subsequent
feature engineering optimization and algorithm improvements.

Therefore, although Table 3 summarizes the performance of various classifiers across
different agricultural detection tasks, direct comparisons of accuracy values across studies
should be interpreted with caution. Significant differences in data collection methods,
imaging conditions, sample sizes, evaluation metrics, and experimental designs render
cross-study comparisons statistically invalid. Instead, the value of these comparative
studies lies in observing the relative performance of different classifiers within each study
and understanding the underlying reasons for their superior performance under specific
conditions. From this perspective, an SVM, with its principle of minimizing structural risk,
demonstrates robust performance in scenarios with small sample sizes and low feature di-
mensions; whereas RF, through its bootstrap sampling and random subspace mechanisms,
exhibits excellent resistance to overfitting in pixel-level classification and multi-feature
fusion tasks. Furthermore, the performance of computationally intensive models such as
Artificial Neural Network (ANN) and Adaptive Boosting (AdaBoost) is highly dependent
on data volume and tuning strategies, making them less suitable for resource-constrained
real-time harvesting robots. More fundamentally, the upper limit of any classifier’s perfor-
mance is determined by the data modality and imaging conditions; algorithms that achieve
near-perfect accuracy in controlled laboratory environments often experience significant
performance degradation in natural environments. Some studies have also shown that a
judicious combination of multiple classifiers can fully leverage their respective strengths,
thereby yielding better classification results than a single model. At the same time, com-
pared to detection methods based on a single feature, integrating multidimensional features
typically improves the accuracy of all classifiers. Image preprocessing techniques can elimi-
nate redundant noise and further optimize the recognition performance of various models.
This indicates that the performance of traditional machine learning algorithms still depends
on the quality of manually designed features, and their robustness and generalization
capabilities in complex situations still need improvement.
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Table 3. Studies with comparative analysis of multiple machine learning algorithms.
Research . Extracted Compared
Objective Data Collection Features Classifiers Performance Ref.
Identification 1300 RGB frames RGB color
. captured by a UAV
and counting of . features,
. from an aerial ANN, SVM, RF, o
pineapple . 8 shape features, 1 Accuracy 94.4% [70]
: perspective under NBDT *, KNN
crowns in L LBP and GLCM
. natural lighting
plantations " texture features
conditions
480 RGB images taken Classification
Identification of with a DSLR camera HSV color accuracy 98.7%;
L under artificial features, SVM, RE, MLP 2 Y 70770 [71]
peach varieties lichti . average F1 score
ighting against a 14 shape features 0.98
white background '
Test set: accuracy
94%, true positive
. LAB-B, HSV-S, o .
Apple image 105 RGB images YUV-Y color NN?3 SVM, DT 4, rate 9F) %o; Orchard
.o captured by a camera images:
segmentation in under artificial features, RF, Adaboost, seomentation error [72]
orchards L. . GLCM texture NB®, QDA © § L
lighting at night P 7%, false positive
eatures
rate 13%, false
negative rate 15%
Accuracy 92.30%,
52 sets of point cloud Point cloud, recall 89.83%,
Id.(.entlfymg. ripe data captured by a RGB, HSI color GA-SVM, SVM, precision 94‘.64 Yo;
fuji applesin the ~ depth camera under features, classification [73]
C . KNN, RF
orchard natural lighting 3D geometric accuracy for
conditions features occluded apples
73.46%
. . 214 3D images UK dataset: average
Field detection, extracted from videos . .. o .
localization, and captured by a TOF Point cloud, 3D precision 95.2%;
) L geometric KNN, SVM Spain dataset: [74]
size estimation camera under natural foatures average precision
of broccoli lighting and LED fill g8 41;0/
lighting e
Average detection
700 RGB images time 1.325 s;
Detection of captured by a digital LBP texture detection rates:
immature green  camera under various features SVM, Adaboost 85.71% (front [75]
bananas natural lighting lighting), 89.77%
conditions (back lighting),
92.31%(cloudy),
894 spectral images
Nordotruive | soiedbye b S oa Ry ey reogniton
p NN accuracy 97.44%

mango varieties

controlled indoor
conditions

spectral features

1 Neural-Backed Decision Trees. 2 Multi-Layer Perceptron. 3 Neural Network. 4 Decision Tree.
5 Naive Bayes. ® Quadratic Discriminant Analysis.

5. Recognition Methods Based on Deep Learning

Unlike traditional machine learning methods, deep learning algorithms can au-

tonomously learn abstract representations ranging from low-level pixel features to high-
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level semantic features without the need for manually designed feature rules. Based on
a multi-layer neural network framework, they form an end-to-end, hierarchical feature
extraction mechanism and directly establish a mapping relationship between image inputs
and detection results, simplifying the cumbersome process of feature extraction followed
by classification found in traditional machine learning. This fundamental paradigm shift
enables them to demonstrate significantly superior generalization capabilities and robust-
ness when handling complex, unstructured scenarios in agricultural applications. With the
introduction of AlexNet, CNNs, which possess powerful local feature extraction capabili-
ties, quickly became the mainstream architecture for crop object recognition. As technology
advanced, the emergence of DEtection TRansformer (DETR) in 2020 introduced the Trans-
former architecture into the field of object detection. By utilizing self-attention mechanisms
to capture the overall context of an image, it offers a novel approach to agricultural vi-
sion tasks. Various mainstream detection algorithms derived from these two architectural
categories have been widely applied to agricultural vision tasks.

5.1. Methods Based on the CNN Architecture

Deep learning algorithms based on CNN architectures extract local features by sliding
convolution kernels across images. Through hierarchical convolution and pooling opera-
tions, they progressively abstract higher-level representations—from edges and textures to
semantic objects—enabling end-to-end object detection. In object detection tasks, CNN-
based algorithms can be categorized into two-stage and single-stage detection algorithms
based on their detection workflow, as illustrated in Figure 5. Two-stage algorithms first
generate candidate regions, then perform classification and location regression on those
regions; representative methods include R-CNN, Fast R-CNN, and Faster R-CNN. Single-
stage algorithms, on the other hand, omit the separate candidate region generation stage
and directly output class and location information through the network; representative
methods include the YOLO series and SSD.

ROI Muti-Scale
Pooling ROI Predictions Feature Maps|
——
Pooling
y, \. y, \. y, \. y,

v R-CNN v Faster R-CNN Faster R-CNN v YOLO { ssp

( h ( Single ) ( h (" Single ) 4 . N
Network CNN Regression Single Shot
Backbone Backbone

o)
Grid-Based

Figure 5. Comparison of typical deep learning detection algorithm architectures [33].

https://doi.org/10.3390/agriculture16171924


https://doi.org/10.3390/agriculture16171924

Agriculture 2026, 16, 1924

17 of 39

5.1.1. One-Stage Algorithms

One-stage detection algorithms employ a global dense prediction approach, simul-
taneously performing class and location predictions during the network’s forward pass
without the need to generate candidate regions separately. Their core advantage lies in their
fast detection speed; however, due to the absence of a candidate region filtering step, their
detection accuracy in complex backgrounds is slightly lower than that of two-stage algo-
rithms. They are suitable for large-scale object detection scenarios with stringent real-time
requirements. Through multiple rounds of technical iteration, single-stage algorithms have
achieved a balance between accuracy and speed, giving rise to the YOLO series, Single-Shot
Multi-Frame Detection (SSD), and their improved versions.

As the benchmark for single-stage algorithms, the YOLO series—since its introduction
by Redmond et al. in 2015—has achieved significant performance gains through the con-
tinuous incorporation of cutting-edge optimization strategies, profoundly influencing the
direction of development in the field of real-time object detection. Its underlying principles
are illustrated in Figure 6. YOLOV1 pioneered the formulation of object detection as a single
regression problem, establishing the paradigm of single-stage, end-to-end detection and
achieving an order-of-magnitude improvement in detection speed [77]. YOLOv4 achieved
significant accuracy improvements without sacrificing inference efficiency by integrating
existing techniques, thereby establishing the “Bag of Freebies”and “Bag of Specials” op-
timization methodologies [78]. Released around the same time, YOLOVS5, built on the
PyTorch 1.7 framework, provided an extremely comprehensive training, validation, and de-
ployment pipeline and quickly became the most widely used version [79]. YOLOvV8 unified
object detection, instance segmentation, and pose estimation within a single framework,
achieving superior accuracy while maintaining high speed, marking YOLO’s transition
from a single-purpose detection tool to a general-purpose computer vision platform [80].
Subsequently, YOLOV9 introduced Programmable Gradient Information (PGI) and the
GELAN architecture, effectively alleviating the information bottleneck in deep network
training [81]; YOLOvV10 achieved NMS-free end-to-end inference through a consistent
dual-allocation strategy, significantly reducing inference latency [82]; YOLOL11, officially
released by Ultralytics, further optimized the unified multi-task framework [83]. While
YOLO26 boosted CPU inference speed by 43% by removing DFL and adopting a native
NMS-free design, providing an efficient solution for real-time detection at the edge [84].

vl
od B

Class probability map

SxS grid on Input Detection results

Bounding boxes + confidence

Figure 6. Principle of object detection using the YOLO algorithm [85]: The input image is divided into
an SxS grid of fine lines. For each grid cell, a bounding box and its confidence score are predicted.
Bounding boxes of different colors represent different object classes. In the final detection results,
the colored bounding boxes represent the retained predictions, and each box is labeled with its
predicted class.
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As shown in Table 4, the iterative development of YOLO initially focused on address-
ing performance shortcomings and later gradually shifted toward balancing theoretical
innovation with practical engineering applications to meet the requirements for high
accuracy, high speed, and ease of deployment in multi-task scenarios such as crop mon-
itoring, agricultural machinery navigation and automated operations, and post-harvest
processing [86-95].

Table 4. Evolution of YOLO versions.

Network Architecture Improvements

Version Backbone Neck Head References
YOLOv1 Darknet ; Fully connected layer [77]
for detection
YOLOv2 Darknet-19 - Anchor box mechanism [96]
Multi-scale
YOLOv3 Darknet-53 FPN detection heads [97]
YOLOv4 CSPDarknet-53 PANet Decoupled head [78]
CSPDarknet with variants Adaptive trainin
YOLOV5 n/s/m/L/x of PANet + AFF puve & [79]
. anchor boxes
different scales
- Decoupled head +
YOLOvV6 EfficientRep RepPAN distributed loss [98]
YOLOvV7 ELAN PANet + MPConv Compound scaling + [99]
guided head
YOLOVS Cof PAN-EPN Decoupled detection head + [80]
anchor-free
YOLOvV9 GELAN PGl-based GELAN-based [81]
YOLOv10 CSPDarknet PSA + CIB Decoupled head [82]
YOLOv11 C3k2 C2PSA + SPPF Decoupled head + [83]
anchor-free
YOLOv26 End-to-End optimized - NMS-free native [84]

The SSD series of algorithms was formally proposed by Liu et al. at the European
Conference on Computer Vision (ECCV) conference. Featuring innovative multi-scale
feature map detection, it achieves comprehensive detection of crop targets of various sizes.
While maintaining end-to-end real-time inference speed, its detection accuracy surpassed
that of mainstream two-stage algorithms of the time for the first time, establishing it as
a mainstream single-stage algorithm that has evolved in parallel with the YOLO series.
As shown in Figure 7, SSD adopts Visual Geometry Group 16 (VGG16) as the backbone
network for preliminary feature extraction. Building upon this, the core innovation lies in
the appended convolutional layers. These layers generate a pyramid of feature maps with
progressively decreasing spatial resolutions. The detection heads are applied to multiple
feature maps at different scales. This design enables the network to predict bounding boxes
and class scores on coarser feature maps for large objects and to preserve more spatial
details for small objects.
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Figure 7. Network architecture of SSD [100].

5.1.2. Two-Stage Algorithms

Two-stage detection algorithms employ a phased approach involving candidate region
generation and refined classification and localization. In the first stage, potential target
regions are generated using a Region Proposal Network (RPN) or selective search; in the
second stage, feature extraction and refined regression are performed on the candidate
regions. This approach significantly reduces background interference through candidate
region filtering, leading to a marked improvement in detection accuracy. However, the
redundant process results in high computational complexity and relatively slow detection
speeds, making it more suitable for high-value crop harvesting scenarios that demand
extremely high accuracy.

R-CNN pioneered by Girshick et al. in 2014, was the first two-stage algorithm to
introduce CNN technology into the field of object detection, thereby significantly improving
recognition accuracy. Its process involves first generating candidate regions using selective
search, extracting features from each candidate region via the AlexNet network, then
using an SVM classifier for category determination, and finally optimizing positional
accuracy through bounding box regression. While this algorithm represented a significant
improvement over traditional machine learning algorithms, the need to process candidate
regions individually resulted in severe computational redundancy, limiting detection speed
tojust 5 FPS [101]. In 2015, Girshick proposed the Fast R-CNN algorithm, which introduced
region of interest (ROI) pooling to enable feature map sharing, boosting detection speed to
15-20 FPS and effectively addressing R-CNN’s computational redundancy issue [102]. In
the same year, Ren et al. proposed the Faster R-CNN algorithm, which replaced selective
search with an RPN to generate candidate regions, significantly reducing generation time
and boosting detection speed to 50 FPS. At the same time, the introduction of an anchor
mechanism improved the quality of candidate regions, achieving a synergistic improvement
in both accuracy and speed [103]. In 2017, He et al. proposed Mask R-CNN, which added a
masking branch to the Faster R-CNN architecture to enable simultaneous object detection
and instance segmentation. By using ROI Align technology to eliminate quantization
errors in ROI pooling, it provided critical technical support for the precise segmentation
of overlapping fruit [104]. Figure 8 shows the network architectures of R-CNN and its
improved versions.
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Figure 8. Network architectures of typical R-CNN, Fast R-CNN, and Faster R-CNN for fruit detection
and recognition [105]: The yellow box represents the Rol extraction method; the dashed box represents

the predicted head; the blue line indicates the extraction of external candidate boxes, and the red line
indicates the internal feature flow and candidate box generation network.

5.2. Methods Based on the Transformer Architecture

The Transformer architecture, first proposed by Vaswani et al., is centered on the
self-attention mechanism, which captures global dependencies by computing the corre-
lation between any two positions in a sequence. Thanks to its powerful global modeling
capabilities, the Transformer quickly became dominant in the field of natural language pro-
cessing. Subsequently, in 2020, Carion et al. proposed DETR, marking the first application
of the Transformer architecture to the field of object detection. Since then, DETR and its
derivative algorithms have become the mainstream methods for this architecture in the
field of object detection.

DEtection TRansformer

DETR reformulates object detection as a set prediction problem, achieving end-to-end
detection through an encoder—decoder structure and a bipartite matching loss, thereby com-
pletely eliminating the reliance on manual components such as anchor box design, region
proposal networks, and non-maximum suppression. However, the original DETR suffers
from shortcomings such as slow training convergence and poor performance in detecting
small objects. Introduced in 2021, Deformable DETR incorporated the sparse sampling
concept of deformable convolutions into the attention mechanism, enabling each query to
focus only on key sampling points around the reference point. This reduced the number of
training epochs to one-tenth of that required by DETR and achieved significant improve-
ments in small-object detection. In 2023, Zhang et al. proposed DETR with Improved
deNoising anchOr boxes (DINO), which, by introducing contrastive denoising training and
a hybrid query selection strategy, achieved 51.3 AP on COCO using a ResNet-50 backbone,
demonstrating for the first time that the DETR family has the potential to outperform
classical CNN detectors. The following year, Zhao et al. proposed RT-DETR. By designing
an efficient encoder architecture and implementing IoU-aware query initialization, they
achieved inference speeds comparable to the YOLO series while maintaining end-to-end
advantages. This broke the conventional perception that Transformer-based detectors are
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difficult to implement in real time, providing a new viable solution for real-time end-to-end
detection in agricultural harvesting scenarios.

5.3. Improvements to Deep Learning Algorithms

Although deep learning algorithms, with their deep network structures, can auto-
matically learn and extract rich semantic features from image data and have achieved
remarkable results in general object detection tasks, they still face numerous challenges
when directly applied to agricultural vision scenarios. On the one hand, the accumulation
of network layers causes a dramatic increase in the number of model parameters and a
significant rise in computational complexity, making it difficult to meet real-time opera-
tional requirements on resource-constrained embedded platforms; on the other hand, the
pre-trained parameters of existing mainstream detection models are often optimized based
on publicly available general-purpose datasets, whereas agricultural scenarios exhibit sig-
nificant deviations from general-purpose scenarios in terms of their characteristics; direct
application leads to a substantial decline in model performance. Optimizers such as stochas-
tic gradient descent (SGD) and adaptive moment estimation (Adam) play a significant role
in deep learning training; they accelerate the model’s convergence process, reduce memory
requirements during training, and enable the model to achieve better generalization per-
formance. However, these optimizers do not improve the model’s accuracy or detection
speed during the inference phase. Therefore, to apply general-purpose pre-trained models
to specific agricultural tasks while meeting real-time requirements, targeted improvements
must be made to aspects such as the network architecture and data strategies. For example,
crops such as grapes and kiwifruit exhibit dense clustering and severe occlusion; fruits like
strawberries and blueberries are small in size with minute features that are easily obscured.
To address this, many researchers have conducted targeted algorithm improvement studies
focused on three core metrics—accuracy, speed, and generalization ability—while taking
into account the specific growth environment characteristics of individual crops.

5.3.1. Reducing Data Costs

In agricultural object detection tasks, the generalization performance and robustness
of deep learning models depend not only on algorithmic architecture design but are fun-
damentally constrained by the quality of the training dataset. Unlike general-purpose
object detection, fruits and vegetables—as naturally growing organisms—exhibit high
spatiotemporal heterogeneity in their external characteristics depending on variety, growth
stage, lighting conditions, and cultivation environment. Therefore, a dataset must contain a
sufficient number of samples to cover diverse environmental conditions, thereby enabling
the model to learn high-level features. However, image acquisition requires field sur-
veys by personnel who are proficient in operating precision equipment such as industrial
cameras and drones; furthermore, the collected images must be annotated with object
bounding boxes before they can be used for model training. Building high-quality datasets
is time-consuming, labor-intensive, and costly, leading to common shortcomings in existing
datasets, such as small sample sizes, class imbalance, and scene bias. To reduce data costs
and minimize the reliance of deep learning on data, techniques such as data augmentation
and transfer learning are widely used in object recognition and detection tasks.

Data augmentation is divided into two categories: transformational data augmen-
tation and generative data augmentation. Transformational data augmentation rapidly
expands the quantity and diversity of training samples by applying operations such as
geometric transformations, color perturbations, and blending and stitching to existing
collected samples, as shown in Figure 9. Currently, augmentation strategies such as Mo-
saic and MixUp have become standard components of mainstream detection algorithms.
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Tanimoto et al.comprehensively compared the detection performance of the YOLOv5mu,
YOLOv8m, and YOLOvY9c on sparse and biased datasets. The experimental results show
that YOLOv5mu performs best when the number of samples is extremely low and exhibits
the least accuracy fluctuation on biased datasets; however, applying data augmentation or
increasing the sample size significantly improves the accuracy of the other two models, and
as the dataset gradually becomes more balanced, the accuracy of all models improves [106].
Addressing the issues of high cost and limited availability of depth sensors for orchard
robots, Divyanth et al. employed a Pix2Pix conditional Generative Adversarial Network
(GAN) to convert single RGB images into depth maps. During training, they utilized geo-
metric and color data augmentation techniques—such as horizontal flipping, scale scaling,
brightness adjustment, and color perturbation—to enhance the model’s generalization
ability. This method can replace RGB-D sensors to provide depth information for orchard
robots [107].

(d) (e) ()

Figure 9. Data augmentation implemented for the model training [108]: (a) original image; (b) hori-
zontal flip; (c) perspective transformation; (d) rotation; (e) translation; (f) center crop.

Generative data augmentation, exemplified by GANs and diffusion models, over-
comes data limitations by generating specific scene samples missing from the original
dataset, effectively alleviating issues such as class imbalance and scene bias. Table 5 lists
representative studies on generative data augmentation in agricultural vision tasks; these
experiments have, to varying degrees, validated the following patterns. First, an increase
in data volume does not necessarily lead to improved model performance; it also depends
on the degree of distribution alignment between the generated data and the target domain.
If the generator only fits the limited distribution of the training set without incorporating
real-world conditions such as lighting and occlusion, the performance gain from synthetic
data is extremely limited. When there is a distribution bias between synthetic and real data,
introducing excessive amounts of synthetic data may actually exacerbate domain drift,
leading to a decline in model performance in real-world scenarios. Even when distributions
align, improvements in model performance exhibit diminishing returns: while initial data
augmentation can significantly improve detection accuracy, the contribution of additional
data becomes extremely limited once a certain scale is reached. Second, although Al image
generation technology can directly produce synthetic samples with annotations, effectively
reducing the cost of manual annotation, the quality of the generated images is limited
by the coverage of the training data and the precision of the prompts. Virtual engine
rendering technology can also export precise annotation information simultaneously while
generating images, but the visual differences between virtual scenes and real-world field
environments will still affect model performance. Third, models trained solely on synthetic
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images exhibit significantly reduced performance in real-world scenarios and cannot match
the performance levels achieved with real data. Training that combines synthetic and real
data in a specific ratio yields the best results, indicating that synthetic data cannot fully
replace real data. Furthermore, the proportion of synthetic data must be strictly controlled;

when it exceeds a certain threshold, the model tends to learn the distribution characteristics

of the generator rather than the discriminative features of real-world scenarios, thereby

weakening its generalization ability.

Table 5. Comparison of generative data augmentation techniques.

Data Generation

Research Objective Method Dataset Composition Image Examples Reference
To address the scarcity of =~ Proposed an enhanced Tralru'ng s'et: 3000 real
o . . daytime images and
nighttime pineapple CycleGAN, replacing the 200 nichttime images
detection datasets and original residual blocks 'S ; LMages, [109]
. . . converting daytime images
poor detection accuracy with ResNextBlocks in Lo ¢
nder low visibilit the generator. to nighttime; Test set:
v ¥ & ' 200 real nighttime images.
1465 real images:
To solve the problem of 1000 hea}lthy U jubes,
. L 180 dried jujubes,
class imbalance in jujube . i
uality grading and the Proposed an improved 150 rotten jujubes,
€ 2. . Jujube-GAN based on the 135 cracked jujubes; [110]
instability of original . .
¢ ACGAN architecture. generated images
GAN training and poor
enerated image quality. supplemented the three
& ' defective classes to
600 each;
To address the high labor Used the DALL-E Training set: 1019 images
cost of field data : . after geometric
. text-to-image model with . .
collection for orchard detailed prompts to augmentation (489 valid [111]
object detection and enerate ofcharg apple images); Validation set: 255
insufficient dataset scale & images PP images; Test set: 93 real
and diversity ges- orchard images.
To evaluate the
performance difference Generated synthetic Three types of datasets:
. : real dataset, Al-generated
between datasets images using the .
2 dataset, and combined [112]
composed of Generate Variations dataset of real and
Al-generated images and function of DALL-E2. enerated images
real collected datasets, & ges-
Constructed in Unreal Training .set:.w1th /without
To solve the problem of . . cultivation bench
. Engine 5 automatically .
heavy manual annotation rondered images via backgrounds, different 3D
workload, and to achieve & model precision, [113]

automated dataset
generation.

virtual camera and
exported YOLO-format
annotations.

120/360/1200 images; Test
set: 50 real greenhouse
images.

In addition to generating target samples and expanding the dataset size, it is also
feasible to enable the model to extract high-dimensional features from small datasets and
converge quickly. Transfer learning leverages the general feature extraction capabilities
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of the model—acquired through pretraining on large-scale datasets—and applies them
to object detection tasks for specific crops. The fundamental features—such as edges,
textures, and shapes—learned by the model during pretraining are highly generalizable
and do not become completely ineffective due to differences in target species or scenes.
During training for the target task, it is sufficient to retain the weights of the pretrained
model’s backbone network and fine-tune the classification head and high-level feature
layers using a small number of labeled target samples to achieve rapid convergence and
excellent detection performance. This approach significantly reduces the demand for
annotated samples in the target domain, enabling training that would otherwise require
thousands or even tens of thousands of annotated samples to be completed with just a
few hundred or even a few dozen samples, thereby fundamentally reducing the workload
of manual annotation. Zhou et al. compared models such as YOLOv8x and Fast R-CNN
and, through cross-species transfer learning, transferred model weights pre-trained on a
public apple dataset to the camellia fruit detection task. Using only 100-200 annotated
samples, they achieved detection accuracy close to that of the full dataset; among these,
YOLOvV8x, which performed best, reached an mAP50 of 94-95% [114]. Chen et al. adopted
a two-stage transfer strategy—first freezing the skeleton network to train the classification
head, then unfreezing the entire network for fine-tuning—combined with image scaling
and loss function optimization, achieving a recognition accuracy of 97.17% for Chinese
cabbage at different growth stages [115]. Zhao et al. slightly adjusted the pre-trained
YOLOVvVS8s weights on the COCO dataset and applied them to detect apples on fruit trees
and on the ground, achieving an mAP50-95 of 72.6% [116]. Wang et al. independently
designed a category-based automatic data balancing algorithm. They first froze the head
network of the MobileNetV3 backbone during training and then unfroze the entire network
for fine-tuning, resulting in a model mAP of 88.56%, with only 17.92% of the parameters
of the original YOLOv4 and a 112% improvement in detection speed [117]. Ufuah et al.
used Style-GAN2 ADA to synthesize images to expand the training set and performed
transfer learning on a DenseNet network, achieving fast and accurate classification of three
types of dates [118]. Espejo-Garcia et al. determined the optimal generator parameters
for the DCGAN network and verified that a model initialized with ImageNet pre-trained
weights, fine-tuned on an agricultural dataset, and trained using a GAN-augmented dataset
achieved superior performance; the Xception network used for detection achieved accuracy
rates of 99.07% and 93.23% on a standard test set and a noisy test set, respectively [119].

Although all studies used independent test sets to validate model performance, these
test sets typically originated from the same distribution as the training data—the same
orchards, the same crop varieties, and similar imaging conditions. Only a few studies
incorporated domain adaptation techniques; for example, CycleGAN—an unsupervised
domain adaptation method—generates images in the target domain while performing a
reverse transformation to verify their plausibility. Wu et al. used this method to convert
daytime images from the training set into nighttime images, thereby bridging the gap
between the training and target domains. Furthermore, while most studies utilized real-
world images captured in the field or images collected during harvesting robot operations,
the scale of validation remained limited, and none extended to field-scale testing under
actual harvesting conditions. Therefore, although the aforementioned data augmentation
and transfer learning methods reduce the cost of data acquisition or lessen the reliance of
deep learning algorithms on data to some extent, their effectiveness in real-world harvesting
scenarios still lacks sufficient empirical support.
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5.3.2. Model Compression and Acceleration

Unlike industrial applications, agricultural harvesting robots are typically small mo-
bile platforms, which impose stricter requirements on device size, weight, and energy
consumption. Model deployment is subject to multiple constraints, including hardware
computing power, memory capacity, and battery life. Large-scale deep learning models
with a high number of parameters not only make real-time inference difficult but also
significantly increase the overall manufacturing costs and power consumption of the robot,
making them unsuitable for long periods of continuous operation in the field. Therefore,
model lightweighting is a critical step in transitioning target recognition technology from
the laboratory to practical application. It involves reducing the number of parameters
and computational load while minimizing accuracy loss, and optimizing the inference
process to ensure stable operation on low-power edge devices, thereby balancing accuracy,
speed, and deployment costs. As shown in Table 6, most existing studies use mainstream
single-stage detection algorithms as baselines for improvement. By employing techniques
such as network replacement, the introduction of lightweight modules, and pruning to
optimize the network structures of the backbone, neck, and head components, these studies
have developed various lightweight models suitable for agricultural robots.

Most studies in the table include the number of parameters, computational complexity,
and their reduction rates as evaluation metrics; some studies also evaluate model size,
inference speed on different endpoints, and the time required for inference on a single
frame. Among them, YOLO-TomatoSeg is the model with the greatest compression rate
across all studies, reducing model size, the number of parameters, and computational
complexity by 68.3%, 38.9%, and 33.3%, respectively, with a model size of only 2.52 MB.
In contrast, Seedling-YOLO achieved the lowest compression rate, with parameter counts
and computational complexity reduced by only 20% and 16.5%, respectively; however,
its mAP0.5 improved by 4%, representing the most significant increase in accuracy. The
wide variation in compression levels among these models stems from the need to adjust
compression methods and balancing strategies based on differences in detection targets and
experimental conditions. The specifications of the baseline models used also influence the
degree of compression; models with more redundant feature layers offer greater potential
for compression. As the underlying feature extraction network, the backbone typically
accounts for the largest share of parameters and computational load in the entire network;
replacing it entirely with a lightweight backbone can significantly reduce the number of
parameters. Redesigning efficient convolutional operators to replace standard convolutions
can limit channel interactions and reduce redundant convolutional computations. Building
on this, attention modules are introduced to compensate for the decline in feature expres-
siveness caused by backbone simplification, and feature fusion structures are optimized
to further enhance feature utilization efficiency. Some studies have also improved anchor
box generation strategies to adapt to the scale distributions of specific targets. The com-
bination of these approaches enables most models to maintain accuracy while reducing
the number of parameters; some works have even achieved simultaneous optimization
of accuracy and lightweight design. Although the aforementioned studies have achieved
significant results in the lightweight design of network architectures, none of the models
have undergone full integration and field deployment validation on actual harvesting robot
platforms. As indicated by the validation conditions summarized in the table, these studies
primarily conducted offline evaluations using images from fixed test sets. Some studies
conducted inference speed tests using only CPUs or edge computing devices to simulate
the resource-constrained environment of harvesting robots and reported high frame rates;
however, they did not address the validation and evaluation of quantized models, nor did
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they include integration testing with the robot’s operating system or robustness verification
for long-term field operations.

Table 6. Comparison of model compression and acceleration techniques.

Research Objective Improvement Validation Conditions Performance Reference
nghtv;g;gtgin\;i)L01 In C3k2-F Module 242 3D images and 9 videos 12 211:550 29 ?6)63161
. . Conv — DSConv captured by a depth camera in a o [120]
segmentation, detection CloU reenhouse; Jetson Orin NX GFLOPs: 8.0
and yield estimation & ! FPS: 62
AP:99.01%
754 point cloud images captured o
YOLO-TomatoSeg for CSS}ITE?IZIRII\;:Z? by two industrial cameras in a MOde;IS)ISZ.e%OZbSZ MB [121]
tomato recognition greenhouse; Intel 19-12900H CPU, o
SE NVIDIA RTX 3060 Params: 1.1 M
GFLOPs: 4.6
AConv — SCDown . .
158 RGB images taken with a cell mAP50: 99.1%
Yol“ﬁ;?:;iii for Re%ggg?géﬁ Eﬁ - phone in natural settings; Intel (R) mAP50-95: 84.8% [122]
recognition of pears YOLOV10 Detection Xeon (R) Gold 5318Y CPU @ Params: 4.'66 M
Head 2.10 GH, NVIDIA A16 GPU GFLOPs: 19.8
Conv — GhostConv, . o
YOLO-GS for aquatic C3-GS Module 150 images captured by UA.V mAP50: 95.7%
vegetable recognition 160 x 160 Small-Target under natural light; Infiustrlal Params: 3.75 M [123]
and detection Detection Head control computers without GFLOPs: 9.5
Focal EloU graphics card CPU FPS: 28.7
mAP50: 96.8%
C2f — SENetV2 236 RGB images taken with a GFLOPs: 6.8
YOLOS;E?L&K grape SPPF — SPPELAN smartphone under different Params: 2.1 M [124]
Focaler-IoU lighting conditions and distances; Model Size: 4.36 MB
FPS:80
Seedling-YOLO for ELAN_P de“é’lfégﬁ;g:iiscl’:;ﬂzﬁeigges mAP50: 94.3%
quality detection of CARAFE Upsampling P R prones; Params: 4.98 M
L field validation of the mobile [125]
broccoli field Operator . . GFLOPs: 11.6
transplanting CA vision platform; Intel i7-13700KF FPS: 29 7
P CPU, RTX 4080 GPU, g
YOLOvS8n-seg for CSPDarkNet — 220 images captured by an RGB-D mAP50: 99.5%
instance segmentation FasterNet camera in a greenhouse; AMD FPS: 25' ’ [126]
and plant height Restructuring the Ryzen 7700 Processor RTX 2070 Params: '1 369 M
measurement of lettuce Channel Dimension Graphics Card o
. 84 images captured with a depth AP50-95: 94.44%
LBDC-YOLO for Slim lé(;c(‘l;)(fvc;nv - camera and a cell phone in a field Params: 1.92 M
broccoli detection Triplet Attention setting; Intel Xeon Silver 4110 GFLOPs: 6.5 [127]
P ANI:-)FPN .\ BiIFPN 2.1 GHz CPU NVIDIA Quadro Model Size: 3.5 MB
P4000 GPU FPS: 23.0
Light-YOLO-Pepper for Conv — DSConv 864 images taken with a cell phone I?al fal;?g 19 22616[
% or plu seipc)llin CSPDarknet — in a greenhouse with stable GFLOi’s: 30 [128]
PEPPELD B oeecing CSP-MobileNet lighting; Intel Core i9-13900K, GPU/CPU FPS:
¢ SE NVIDIA RTX 4090 168.4/28.9 '

As shown in Figure 10, Knowledge Distillation (KD) transfers knowledge from a larger
teacher network to a lightweight student network, enabling the model to achieve superior
detection performance while maintaining its current number of parameters and inference
speed, thereby effectively addressing the issue of low accuracy in lightweight detection
models within complex orchard environments [129].
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Figure 10. Schematic diagram of knowledge distillation [130].

For example, Leng et al. developed the SMLO-YOLO lightweight model for strawberry
detection based on YOLOv11s, employing the Block-Correlation Knowledge Distillation
(BCKD) boundary and category-aware knowledge distillation strategy, combined with the
HDP-Neck cross-scale fusion architecture and ShapeloU shape-aware loss. The distilled
model has only 6.49M parameters and 15.0 GFLOPs, achieving an mAP50 of 92.4%—a 2.9%
improvement over the original YOLOv11s—with an inference speed of 256.41 FPS and a
31% reduction in parameters [129]. Lingamgunta et al. constructed a multi-granularity
knowledge distillation framework, using DeiT-Base as the teacher model to distill the
lightweight DeiT-Tiny. The student model has approximately 5.28M parameters and a
single-image inference latency of 8.79 ms; the ensemble model achieved a grading accuracy
of 90% for cashew apples [131]. Li et al. proposed the D3-YOLOV10 lightweight detection
framework, which employs a FreeKD knowledge distillation scheme based on semantic
frequency hints. Using an improved YOLOv10s as the teacher model to distill YOLOv10n,
the final model has 3.72M parameters and 8.6 GFLOPs, representing reductions of 54.0%
and 64.9%, respectively, compared to YOLOv10s, while achieving an mAPO0.5 of 91.8% and
an inference speed of 80.1 FPS [132].

5.3.3. Robustness Improvement in Complex Scenarios

Agricultural production environments are highly unstructured. In open-field cultiva-
tion scenarios, light intensity fluctuates dramatically over time and with weather conditions.
Fruit is commonly obscured by branches and leaves and overlaps with one another; small
fruits have faint features, and key harvesting points—such as fruit stems—are extremely
small. These factors can lead to missed detections and false positives in the model, severely
affecting the operational reliability of harvesting robots. Improving a model’s robustness
in complex scenarios primarily involves enhancing its ability to extract target features,
suppressing background interference, and simultaneously improving its adaptability to
multi-scale targets and extreme environments. Table 7 summarizes and analyzes the opti-
mization methods for deep learning models in the YOLO and R-CNN families, focusing on
enhancements to attention mechanisms, The arrows indicate the performance improvement
of the improved model compared to the baseline model. It also presents the backbone
networks and final performance results of the optimized models in complex scenarios
involving various target crops. Some studies have also achieved significant improvements
in model performance by refining non-maximum suppression and loss functions.
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Table 7. Comparison of model performance improvement studies in complex scenarios.

Object Model Improvement Validation Conditions Performance References
219 images taken with a bbox_mAP: 93.2%
) 1 cell phone in the orchard; mask_mAP: 92.0%
Mask R-CNN DANEE Intel Core i7-7700HQ, F1 score: 96.9% [133]
NVIDIA GTX 1070 FPS: 3.7
1000 RGB and depth
images captured by a
SE-CBAM, depth camera in orchard, Mask
Mask R-CNN RANSAC-LM Indoor Simulation 10U:0.89/0.82/0.65 [134]
sphere fitting Experiments, Field Trials; e ) )
Intel i7-9700 CPU, NVIDIA
RTX 2060
30 images taken in an
Aol orchard during bagging AP: 96.76%
pple . CBAM, and under artificial F1 score: 0.95
YOLOX-Tiny ASFF nighttime lighting; Params: 5.4 M [17]
GTX1650 GPU, Jetson FPS: 65/26.3
Nano
50 Complex Orchard AP: 98.84%
EfficientFormer = xImages, Indoor Simulated (4.3% 1)
YOLOVSs Soft-NMS Harvesting Experiment; Params: 10.78 M [135]
GTX1080ti FPS: 28
1038 images from an
orchard depicting complex AP: 93.42%
DSsC scenarios such as fruit F1 score: 0.9035
YOLOv4 CloU bagging and nighttime Model Size: 29.8 M [136]
conditions; NVIDIA FPS: 63.2
GTX1080Ti GPU
A total of 208 RGB and NIR mAP50: 2.3% 1
MS-CPAM 2 images captured under Params: 4.1 M
YOLO-MSRE C2{-DCB various lighting conditions; GFLOPs: 14.6 [157]
NVIDIA RTX 3090 GPU FPS: 105.07
T
omato 1786 images captured by a mAP: 90.7%
Soft-NMS 3 cell phone inside the (5.5% 1)
Faster R-CNN  K-means anchor greenhouse; Intel Core Model Size: [138]
box clustering i7-7700K, NVIDIA 1159 M
GTX1080Ti FPS: 13.7
600 images taken with a
depth camera in an
GAM * orchard, depicting mAP:91.5%
YOLOvVS8s small-object different growth stages and (4.6% 1) [139]
detection head environmental conditions; FPS: 53
Strawberr Intel Xeon Gold 6248 CPU,
y NVIDIA Tesla V100 GPU
Images of strawberries at
different times and growth AP-86.2%
YOLOVS8s CBAM ® stages; AMD EPYC 7453 FPS: 32 7 [140]
CPU, NVIDIA RTX 4090 T
GPU
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Table 7. Cont.
Object Improvement Validation Conditions Performance References
detection AP:
ECA ¢ 138 images taken with a 60.1% (1.4% 1)
Grape Mask R-CNN DuC”’ camera in the vineyard; segmentationAP: [141]
upsampling NVIDIA RTX 3090 59.5% (1.6% 1)
FPS: 16
CBAM  duallowenmeraiman o504
Citrus Mask R-CNN Soft-NMS orchard; Intel Xeon 3204, 12{1251;110//0 [142]
NVIDIA RTX 2080 Ti TR
Serial EEA_La or 930 images taken under
Multispcaley various lighting conditions mAP:98.4%
Persimmon  Faster R-CNN Fusion and at different distances; (11.8% 1) [143]
Intel Core i7-12700 CPU, FPS: 1.39

K-means anchor

. NVIDIA RTX 3060
box clustering

1 Dual Attention Network; 2 Multi-Scale Channel Position Attention Module; 3 Non-Maximum
Suppression; 4 Global Attention Mechanism; ° Convolutional Block Attention Module; © Efficient
Channel Attention; 7 Dense Upsampling Convolution.

The core principle of attention mechanisms lies in enabling the network to automati-
cally focus on key semantic features in the target region through learnable weight allocation,
while suppressing unstructured distractions such as the background, branches, leaves, and
lighting. In terms of specific implementation, attention modules such as CBAM, ECA,
GAM, and SE are embedded into the backbone network or mask heads to enhance feature
representations at multiple levels. Particularly in extreme scenarios such as heavy occlusion,
low light, and similar-colored backgrounds, attention mechanisms can effectively mitigate
the problem of feature loss. As shown in Figure 11, SE, as the earliest channel attention
mechanism, compresses spatial information into a one-dimensional channel description
vector via global average pooling, then uses two fully connected layers to learn the ac-
tivation weights for each channel; however, this dimensionality reduction prevents the
model from capturing inter-channel relationships, resulting in information loss. Building
on this, ECA removes the dimension-reduction fully connected layers and instead uses
one-dimensional fast convolutions to directly perform local cross-channel interactions on
the channel vectors after global pooling.

The CBAM and GAM attention mechanisms employ two serial network branch struc-
tures (Figure 12): CBAM performs global average pooling and max pooling on its spatial
branch, generating a spatial attention map after convolutional fusion; GAM uses dilated
convolutions to expand the receptive field and capture global contextual information. In
contrast, DANet employs parallel network branches and uses self-attention mechanisms
to construct dense dependency matrices separately in the spatial and channel dimensions
(Figure 12). Although this results in a relatively rapid increase in computational complexity,
it offers significant advantages for segmentation tasks characterized by severe overlap and
highly variable shapes. This type of spatial-channel attention mechanism enables the model
to simultaneously focus on both the spatial and channel information of an image, making
it more suitable for scenarios where the scale of objects varies significantly. In terms of
model performance, after introducing the attention mechanism, the average accuracy of
most models in the table reached over 90%, representing a significant improvement over
baseline models. This confirms that the ability of the attention mechanism to adaptively
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enhance specific regions is a key factor in achieving accuracy breakthroughs in complex
agricultural scenarios.
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Figure 11. Network architecture of SE and ECA [134,141]: (a) SE; (b) ECA The different colors in the
figure represent different feature channels, and the colored vectors on the right indicate the attention
weights calculated for each channel, which are used to apply a weighting to the original feature map.

To address the false negatives caused by traditional NMS—which, due to its rigid
threshold, removes adjacent high-confidence candidate boxes in densely overlapping
scenarios—INMS optimization employs a soft-NMS strategy. This approach continuously
attenuates the confidence scores of overlapping boxes based on the IoU rather than setting
them to zero outright. Consequently, it suppresses redundant boxes while preserving
genuinely occluded targets, enabling the model to maintain high recall even in typical
occlusion scenarios such as fruit adhesion and interlaced branches and leaves, while still
maintaining a high recall rate.
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Figure 12. Network architecture of DANet, GAM and CBAM [17,133,139]: (a) DANet; (b) GAM;
(c) CBAM.

6. Summary and Outlook

6.1. Summary

Global demand for fruits and vegetables continues to grow, yet harvesting—the most
labor-intensive stage of agricultural production and the one with the highest proportion of
labor costs—has long faced challenges of low operational efficiency and significant wastage.
Agricultural harvesting robots are the core technological solution to this problem, and their
operational capabilities rely heavily on the accuracy and speed of target recognition technol-
ogy: the recognition system must distinguish fruits and vegetables from their background
in complex orchard environments, obtain their 3D pose, and rapidly assess their ripeness
to provide perceptual support for the actuators. To address this need, this paper system-
atically reviews the development trajectories and latest advancements of three categories
of recognition technologies: digital image processing, traditional machine learning, and
deep learning. The main contributions include: summarizing the fundamental principles,
evolutionary paths, and applicability boundaries of these three technologies; elucidating
their essential differences at the feature extraction level—namely, the progression from
manually defined rule-based features, through data-driven shallow learning, to end-to-end
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deep abstraction; summarizing the optimization strategies for each technology in complex
agricultural scenarios, and clarifying their performance limits and applicable scenarios
under different operating conditions; and comparing the strengths and weaknesses of the
three approaches across multiple dimensions—including recognition accuracy, real-time
performance, deployment costs, data dependency, and scenario robustness—to provide a
reference for subsequent algorithm selection and improvement.

Digital image processing relies on manually designed, rule-based features such as color,
shape, and texture. It requires minimal computational resources and offers good real-time
performance, making it suitable for controlled-environment agriculture and standardized
orchards where there is a significant contrast between targets and backgrounds and lighting
conditions are stable. However, due to the limited expressive power of manually designed
features, even with multi-feature fusion, it still suffers from poor cross-scenario transfer-
ability. Accuracy drops significantly under conditions of severe occlusion, fruit overlap,
or similar-colored backgrounds. Furthermore, parameters require manual tuning, and
performance is clearly capped by the limitations of the rule-based framework.

Traditional machine learning, utilizing classifiers such as SVMs and random forests,
facilitates a shift from rule-driven to data-driven approaches. It offers low training costs
and strong interpretability for small-sample tasks such as crop variety identification and
ripeness grading. However, the upper limit of model performance is determined by feature
engineering, making it prone to the curse of dimensionality and overfitting. Shallow
architectures struggle to capture highly nonlinear relationships, resulting in insufficient
generalization capabilities in orchards with severe occlusion and drastic fluctuations in
lighting conditions. Although dimension reduction and ensemble learning can mitigate
these shortcomings, this technology is primarily used as a supplement to deep learning,
handling lightweight, specialized tasks on edge devices with limited computing power.

Deep learning has become the mainstream solution for fruit and vegetable recognition
due to its end-to-end automatic feature extraction capabilities. Technological evolution
has progressed from the CNN paradigm, represented by YOLO and Faster-R-CNN, to
Transformer-based detection architectures such as Deformable-DETR and RT-DETRv2. This
field still faces challenges such as high data annotation costs, the difficulty of balancing
accuracy with model lightweightness, and insufficient robustness in complex field sce-
narios. Existing research has established a comprehensive optimization framework: data
augmentation combined with transfer learning reduces reliance on labeled data; techniques
such as backbone network replacement, efficient convolutional operators, network struc-
ture reparameterization, and parameter compression achieve model lightweighting while
minimizing accuracy loss, making the models suitable for real-time inference on edge
devices; feature enhancement and multiscale detection optimization improve recognition
performance under occlusion, for small objects, and under extreme lighting conditions;
and the synergistic use of these various improvement strategies enables a balance among
model recognition accuracy, inference speed, and deployment costs.

6.2. Outlook

With the rapid development of smart agriculture and the continuing global shortage
of agricultural labor, the automation of fruit and vegetable harvesting has become an
inevitable trend in industrial upgrading. As the core perceptual foundation for harvesting
robots, target recognition technology is evolving from simple fruit detection and localization
toward multidimensional intelligent perception, and shifting from crop-specific models to
generalized systems. Future technological innovations will closely align with the practical
needs of agricultural production. Through dual breakthroughs in algorithmic architecture
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and application models, these innovations will drive the large-scale commercial deployment
of harvesting robots.

(1) Deep integration of multimodal features: Overcoming the limitations of single-
modality RGB visual perception, this approach deeply integrates information from multi-
modal sensors such as near-infrared, depth, thermal imaging, and LiDAR. By leveraging
the complementary strengths of different modalities—including robustness to lighting
changes, acquisition of geometric information, and perception of material properties—it
systematically addresses challenges such as sudden changes in lighting, interference from
similar-colored backgrounds, and target reconstruction under foliage occlusion. Through
the collaborative extraction of multimodal features and integrated decision-making, the sta-
bility and reliability of the perception system in complex field environments are enhanced,
providing harvesting robots with more comprehensive and precise environmental and
target information.

(2) Research on algorithm application and deployment: Currently, most fruit and
vegetable recognition algorithms remain at the stage of laboratory simulation and dataset
validation, with a significant gap remaining before they can be deployed on harvesting
robots for stable operation. In the future, model deployment should be a key research focus.
Given the resource constraints of harvesting robots—such as limited computing power
and memory—after completing model lightweighting, efforts should be directed toward
deployment-level tasks such as model quantization, pruning, and inference acceleration.
This will ensure that trained algorithmic models maintain recognition accuracy and infer-
ence speed after being ported to embedded hardware, thereby narrowing the performance
gap between controlled laboratory environments and actual field operations.

(3) Development of self-supervised and weakly supervised learning technologies:
Future research should fully leverage the value of unlabeled agricultural images collected
in the field, focusing on self-supervised pre-training techniques such as contrastive learning
and masked image modeling. This will enable models to autonomously learn general visual
features from agricultural images, thereby fundamentally reducing reliance on large-scale,
finely annotated data. Combined with weakly supervised and semi-supervised learning
techniques, rapid model training and optimization can be achieved with only a small
amount of simple annotation. This effectively addresses the high costs, lengthy cycles,
and uneven sample distribution associated with building agricultural datasets, thereby
enhancing the model’s generalization ability and adaptability across different regions and
cultivation practices.

(4) Integration of fruit recognition algorithms with picking point localization: In the
future, efforts should focus on developing a multi-task integrated network that combines
detection, segmentation, and regression of key picking points, deeply integrating RGB
image data with depth point cloud information to simultaneously output fruit class, mask,
key picking points, and 3D spatial pose. To address complex scenarios such as occlusion
and small targets, the learning of spatial geometric relationships by the network should
be enhanced to provide the robotic arm’s end-effector with perception outputs that can be
directly used for grasping decisions.

7. Conclusions

This study provides a systematic review of fruit and vegetable target recognition
technologies used in harvesting robots, covering a variety of algorithms from digital
image processing, traditional machine learning, and deep learning, and analyzing the
implementation principles, evolutionary history, and applicable scenarios of these three
paradigms. Deep learning, with its end-to-end automatic feature extraction capabilities, has
become the dominant solution in contemporary complex agricultural scenarios. Crucially,
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this study also evaluates these technologies based on the practical operational requirements
of harvesting tasks, rather than relying solely on general detection metrics. At the same
time, it clearly identifies long-term bottlenecks hindering large-scale adoption, including
high data annotation costs, difficulties in edge deployment, and insufficient robustness
under conditions of severe occlusion and drastic changes in lighting. Although downstream
tasks such as sorting and placement present further physical execution challenges, visual
recognition systems remain the fundamental prerequisite for fully autonomous harvesting
robots. The optimization strategies summarized in this study provide a solid theoretical
foundation for future engineering implementations. Addressing deployment bottlenecks on
resource-constrained embedded platforms, combined with technologies such as multimodal
fusion and semi-supervised learning, will be the key path to the widespread adoption of
intelligent agricultural equipment in the future.
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